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Abstract: In this study, a gait device was used for gathering data. A group comprising control group and ALS patients was requested to walk using this device. Gait signals 
of the control group individuals and ALS patients taken from their left feet were recorded by means of the sensors sensitive to the force which was placed to the device. 
Spectral and statistical analyses of these signals were made. The results obtained from these analyses were used for making classification with Artificial Neural Network. In 
consequence of the classification, the individuals with ALS disease were diagnosed accurately with an average rate of 82 %. In the study, the signals taken from left foot of 
14 normal individuals and 13 ALS patients were analyzed. 
 





Amyotrophic lateral sclerosis (ALS) is a disease 
characterized by the specific death of brain neurons in the 
brain stem, brain stem and spinal cord. As a result of 
neuronal death, voluntary muscles in the body become 
weak and weakness in voluntary muscles results in a 
general paralysis. Generally, these patients are not lost in 
sexual, cognitive, and sensory functions. Muscle weakness 
in the hands, in the laces, in the mouth-pharyngeal region 
or on the underside spreads continuously. In 75% of 
patients, first symptoms were seen in arm and leg muscles. 
As a result of the statement of ALS, whichever muscle is 
affected in the body, that part is first damaged [1, 2]. 
Nowadays, the progress in technological means 
provides the widespread usage of walking analyses with 
the purpose of diagnosis and treatment planning and also 
measuring and following of the treatment in research and 
clinical applications on musculo skeletal system. Gait 
analysis takes an important place particularly in diagnosis 
and treatment of musculo skeletal system problems which 
are observed on neuromuscular, brain, spinal cord, 
peripheral nerve, muscular, bone and joint diseases. To 
perform these tests, walking tests must be made 
systematically by means of the suitable measurement tools.  
The studies made on Gait go back to Aristo period [3]. 
Borelli, and in the 19th century, Marey made dynamic 
studies concerning human walking [4, 5]. Edweard 
Muybridge, a photographer, contributed to gait analysis 
considerably by means of making researches through 
photographs. In 1895, Braune and Fisher put forward a new 
approach by transforming available photo images into 
numeric variables. Eberhart and Inman expanded on these 
experiments using a perforated disc turning in front of the 
camera objective and obtained successful results. The 
foundations of gait analysis and its clinical applications 
which have still been applied were laid by Verne Inman 
and Jacquelin Perry [3-6].  
Nowadays, the clinical and biomedical researches 
made on gait analysis comprehend evaluation, description 
and interpretation of gait numerically. Even though this 
diagnosis could be understood through visual examinations 
made by experienced physicians, gait analysis technology 
is a requirement to prove the problem numerically, to 
record the data obtained for revaluation and to reveal the 
efficiency of the treatment objectively. The following 
order is followed during these tests.   
At Modern walking analysis laboratories, firstly, the 
patient’s walk is evaluated visually and by video records. 
The movement data are gathered and transferred to 
computer by means of the sensors tied to the determined 
points of the patient. In addition to these data, at developed 
laboratories, the patients’ dynamic electromyography and 
energy consumption measurements are also performed. 
These data obtained are transformed into numerical data at 
data system by means of special computer software. Lastly, 
the diagnosis is concluded by joint evaluation of both the 
data analysis and the patient’s clinical status [3-7]. 
This study focused on kinetical analysis of gait 
dynamics, and the sole datum which could be measured at 
analysis is the ground reaction force vector (GRFV). 
GRFV is measured by means of the pressure-sensitive 
plaques called force plate which measures the total force 
the foot applied on the ground. The transducers which are 
placed to the side, front, back and inside the plate measure 
the components on each three planes climbing on the force 
plate level, and transfer this datum to the computer [3, 8, 
9]. Besides, in the study, walking signals were recorded 
through placing the piezoelectric sensors sensitive to force 
under the foot. 
 
2 MOTOR NEURON DEGENERATION ALS DISEASE 
 
Amyotrophic Lateral Sclerosis (ALS) is a progressive 
neurodegenerative disease. This disease may spread to 
whole body by affecting motor nerves. At first, its 
symptoms are mild, this condition makes its recognition 
difficult, and it can progress even to paralysis at further 
phases. This disease does not affect mental abilities. 
Beginning of this disease called Charcot in many countries 
goes back to 1840 by Aran Duchenne [3-5].   
Progress of ALS disease comprises three phases; at 
first, it reveals itself by some mild symptoms as fatigue, 
muscle pains, weakness at arms and legs; in the second 
phase, the patient begins facing the problems such as 
indigestion, breathing problems. At the final phase, the 
patient is paralyzed. [4-6].  
ALS is a disease in which adult type motor neuron 
diseases are observed most frequently. Both upper motor 
neuron (UMN) and lower motor neuron (LMN) 
involvement can occur. At ALS disease, muscle weakness 
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starts locally and spreads to neighbouring muscles quickly. 
In studies, it has been seen that the disease mostly started 
on arms, however in a number of cases the disease started 
on legs.  25% of patients have bulber (involvement of sub-
cranial nerves). At LMN involvement, there is weakness of 
hand movements and dropping of foot, at UMN 
involvement, lumbering, balance-coordination disorder 
and fatigue are the first symptoms. In this study, the 
walking test results used for the diagnosis of ALS disease 
by physicians were analysed by means of using 
mathematical and signal processing techniques [7-14]. 
 
3 ALS DATA ACQUISITION SYSTEM 
 
By means of using piezoelectric sensors sensitive to 
force under the foot, 60-second gait signals were recorded 
from 14 Normal and 13 ALS patients. These signals were 
transformed into 18000 series x(n) discrete signals and 
transferred to computer environment. These signals were 
taken from physionet.org web site [15]. These signs are 
from the physioNet.org website. This site is the reference 
source for medical signs. And it also does not require an 






Figure 1 Fault tree of rule A: (a) Schematic data collection system, (b) Force 
sensor device 
 
4 MODELLING BY TIME-AMPLITUDE AND TIME-
FREQUENCY ANALYSIS 
 
In this analysis also called Spectral Analysis, it is 
supposed that the datum in Time/Space environment 
comprises the total of different sinusoids while being 
transferred to frequency environment. The amplitudes and 
phases of these sinusoidal waves are determined. The 
functions which are obtained by means of transferring the 
datum from time/space environment to frequency 
environment are called spectrum. Here, it may be described 
that Amplitude spectrum is the indication of amplitude 
information of sinusoidal within the Amplitude Spectrum 
signal as to the frequency axis; on the other hand, the Phase 
Spectrum is an indication of starting angles of sinusoidal 
within the signal as to the frequency axis. Because the 
signals in Time domain are real, Amplitude spectrums are 
symmetric; if a signal is symmetric in time period, its 
equivalent will be real in frequency domain [14, 16, 17]. 
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      If Fourier serial is extended to non-periodical signals, 
Fourier transformation is obtained. This transformation is 
a generalized shape of Fourier series. By means of this 
transformation, the period of a non-periodical signal can be 
considered as infinite.  Basic frequency of a signal whose 
period is infinite goes to zero in limit. Transformation 
equivalents are given in Eq. (1) and Eq. (2).  
      Gait signals can be modelled as signals changing by 
time as in Eq. (3). In Eq. (3), c(n) shows the amplitude of 
walking signal, f1(n) instantaneous frequency, w(n) white 
noise [16, 17]. 
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      Amplitude and phase spectrums of gait signals x(n) are 
stated by Eq. (4). Besides, Discrete Fourier Transform 
(DFT) is applied on x(n) signals, DFT equation is given in 
Eq. (5) and Eq. (6) [13, 14, 16-18]. Here, Δω = 2π/N is 
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4.1 Calculation of Statistical Parameters 
 
Several methods are used in calculation of statistical 
parameters of signed based analyses. In this study, two 
fundamental parameters are the mean value, and the 
standard deviation.  For a given data set {xi} these are 
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where N is the number of the data points. These statistical 
parameters may be used to perform a quick check of the 
changes in the statistical behaviour of a signal [20].  
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4.2 Artificial Neural Networks (ANN) 
 
Artificial Neural Networks (ANN) is a mathematical 
approach, which is developed to make human brain realize 
the abilities as deriving and discovering new information 
by learning, without any help, automatically. The studies 
on ANN in consequence of mathematical modelling of 
human brain learning process firstly started with modelling 
of neurons as biological units forming the brain and their 
applications in computer systems, afterwards, in parallel 
with the progress of computer systems, they became usable 
in many fields. Even if the systems working with ANN are 
accepted pretty slower than the human brain in terms of 
decision speed, they are very fast by their abilities to 
distinguish.  ANNs are comprised of many cells and these 
cells can perform all complicated functions easily by 
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Each neuron makes intermittent sum of x input vector 
comprising n element and constitutes output value by 
activation function. In Eq. (9), f(.) shows activation 
function, wj interval coefficient of input vector for j. 
element. Activation function is given by Eq. (10). In this 
study, a basic ANN architecture was used comprising 3 
hidden layers without feedback (Fig. 2). 
 
 
Figure 2 The structure of a basic ANN with feed-forward and 3 hidden layers 
 
5 APPLICATION TO THE SIGNALS 
 
       Instantaneous energy calculated at walking signals is 
absolute value of amplitude square of the signals. Changes 
by time for each Normal and pathological signals 
belonging to ALS data were given in Fig. 3.  Besides, in 
Tab. 1, maximum, minimum amplitudes and energy values 
of signals taken from left feet of 14 Normal individuals and 
13 ALS patients were given.  
When Fig. 3 and Tab. 1 were examined, it was 
observed that the values at maximum interval mostly took 
0 and 0.1 values, whereas minimum values took −0.6 
values at ALS signals. At Normal signals, the values at 
maximum interval took larger values, whereas the values 
at minimum interval took −0.6 and lower values. ALS 
signals have lower energy levels than Normal signals. In 
Fig. 4, amplitude and phase spectrums of Normal and ALS 





Figure 3 Time-Amplitude graphics of Normal (upper) and ALS (lower) left foot 
walking signals: (a) Normal, (b) ALS. 
 
Table 1 Max./min. and energy values of left foot walking signals of 14 Normal 
individuals and 13 ALS patients 
No Normal ALS Normal energy 
ALS 
energy max. min. max. min. 
1 0.3 −0.6 0 −0.6 2257 2582 
2 0.2 −0.6 0.2 −0.5 2774 1508 
3 0 −0.6 0.1 −0.6 2958 2584 
4 0 −0.6 0 −0.5 3147 1201 
5 0.7 −2 0.1 −0.6 26154 1997 
6 0.2 −2 −0.1 −0.6 27961 2816 
7 0.1 −0.6 0.1 −0.6 2665 2163 
8 0.5 −2 0 −1.6 26400 23085 
9 1 −1.7 0.2 −0.6 25710 2850 
10 0.8 −1.8 0 −0.6 26216 2587 
11 0.4 −2 0.1 −0.6 25925 2356 
12 0.2 −0.6 0 −0.6 2573 2605 
13 0.5 −2 0 −0.6 23750 2442 
14 0.3 −0.6   2656  
 
When Fig. 4 and Tab. 2 were examined, it was 
determined that ALS signals had spectral amplitude values 
around 1 Hz and these values were smaller than normal 
signals. It has been seen that slopes of ALS signals are 
smaller than Phase spectrum and table values. Also, one of 
the special values that can define characteristic distribution 
of x(n) walking signals is its expected values and variances. 
When Tab. 3 was examined, it was determined that 
mean values of ALS gait signals usually took values 
around −0.2, and Normal signals took smaller mean values. 
At another examination made according to the variance 
values, it was determined that ALS signals had pretty 
smaller values than normal signals. 
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Figure 4 Amplitude and phase spectrums of Normal (upper) and ALS (lower) 




Table 2 Spectral amplitude values of Normal and ALS signals around 1 Hz and 
max./min. degrees of phase spectrums 




max. min. max. min. 
1 10.2 3.6 1134 −180 1339 −48 
2 12.4 8.3 7 −459 1600 −235 
3 7.8 9.6 100 −114 670 −35 
4 6.1 4.2 534 −35 829 0 
5 39.2 4.7 12 −500 645 −32 
6 21.5 4 311 −46 802 −41 
7 79 5.7 3049 −20 350 −28 
8 26.3 8.7 1221 0 395 −84 
9 26.6 9.9 1072 −31 261 −91 
10 30.2 8.6 289 −102 529 −136 
11 22.9 7.6 1952 −93 0 −400 
12 8.7 9 1081 −200 17 −42 
13 21.6 6.5 455 −154 204 −89 
14 73  603 −74   
 
Table 3 Mean values and variances of Normal and ALS walking signals  
Patients 







1 -0.062 −0.323 0.121 0.038 
2 −0.128 −0.018 0.137 0.083 
3 −0.308 −0.234 0.069 0.088 
4 −0.323 −0.151 0.069 0.043 
5 −0.461 −0.234 1.240 0.055 
6 −0.858 −0.341 0.816 0.040 
7 −0.259 −0.197 0.080 0.081 
8 −0.682 −1.055 1.001 0.168 
9 0.00007 −0.211 1.428 0.113 
10 −0.267 −0.281 1.385 0.064 
11 −0.694 −0.191 0.958 0.094 
12 −0.117 −0.268 0.129 0.072 
13 −0.528 −0.236 1.040 0.079 
14 −0.089  0.139  
 
Table 4 Spectral amplitude values of Normal and ALS signals around 1 Hz and 
max./min. degrees of phase spectrums 
Number of hidden 
layers of ANN 








1 (4) 0.6875 0.9375 
1 (8) 0.8125 0.8125 
1 (16) 0.8750 0.8125 
2 (10)-(5) 0.8125 0.8750 
2 (8)-(4) 0.8125 0.6250 
2 (6)-(5) 0.8750 0.6875 
3 (5)-(3)-(1) 0.8750 0.9375 
3 (15)-(8)-(7) 0.8125 0.8750 
3 (10)-(9)-(8) 0.6875 0.8125 
4 (16)-(14)-(12)-(8) 0.8750 1.0000 
4 (10)-(10)-(10)-(10) 0.6250 0.7500 
4 (8)-(7)-(6)-(5) 0.8750 0.8125 
 
The biggest and the smallest amplitude, energy values, 
mean value, variances of gait signals, the biggest and the 
smallest values of amplitude and phase spectrums were 
given as input to feed forward ANN. At neurons, sigmoidal 
and tangent sigmoidal functions were used as activation 
function. 45 data were used as control group, and 16 data 
as test group. Artificial Neural Network was trained by a 
back propagating error algorithm, and mean-square error 








21                                           (11) 
 
In this expression, N value shows 7 values obtained for 
each trained vector, yi shows output value for i. input value 
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of Artificial Neural Network, di shows target value for i. 
input datum. At the classification made by ANN using 




At time-amplitude analysis, maximums of ALS gait 
signals take smaller values. A deviation towards decrease 
at normal signals may be seen from −0.6 unit determined 
as a shared value at Minimum values. ALS signals stand 
out by small energy values. At amplitude spectrum, 
amplitude values of ALS walking signals around 1 Hz 
transparently differentiate with their smaller amplitudes. 
At phase spectrum, phase curves of ALS walking signals 
reveal themselves by their small slopes. ALS signals take 
mean values around −0.2. Besides, it was determined that 
pretty small values of variances were distinctive features 
peculiar to ALS signals. At a classification made by ANN 
using all analysis values, ALS disease was diagnosed 
accurately with an average rate of 82%. 
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